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Abstract

Multidimensional datasets in healthcare and life sciences often reflect temporal variations,
but are often incomplete, complicating the analysis, and reducing statistical accuracy.
To address missing data, imputation techniques are widely used, with machine learning
algorithms like random forest and k-nearest neighbors and nonparametric methods such
as spline and linear interpolation among the common approaches. This study examines
electromyography data, a time-series biomedical data set, by evaluating 11 imputation
methods in four datasets. We introduce four approaches, normal ratio, weighted normal
ratio, expectation maximization, and Gibbs sampling, and assess each for accuracy and
computational efficiency. Two scenarios were simulated: unaltered and down-sampled
data, each with scattered and intermittent missingness. The comparative assessment em-
phasizes the notable precision of the expectation maximization method, with the random
forest emerging as a robust alternative. Moreover, the normal ratio and weighted normal
ratio methods demonstrate computational efficiency akin to mean and median imputation
while improving accuracy. We also address cyclic data, a critical factor for improving
accuracy. Using Fourier transformation, spline, and autoregressive models, we propose
pattern-based and sinusoidal-based approaches to improve imputation. Results indicate
that pattern-based improves accuracy, while sinusoidal-based offers efficiency, particularly
for k-nearest neighbors.
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1. Introduction

Predictive analytics of biomedical datasets has become a key research area in both
academia and industry, relying on robust methodologies and technologies to extract mean-
ingful insights. A critical challenge in this domain is the management of missing data,
which often arises in large-scale biomedical records due to factors such as deliberate omis-
sion, data loss during sensor acquisition, or gaps in electronic health records (EHRs) [1].
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Missing data can substantially impair the accuracy of statistical analyzes and predictive
models, complicating clinical interpretations and decision-making. Among biomedical
signals, electromyography (EMG) data, used to assess muscle electrical activity, are par-
ticularly sensitive to data loss. Missing EMG segments can degrade the performance of
healthcare applications, including myoelectric pattern recognition and muscle function
analysis, by distorting activation patterns essential for rehabilitation, prosthetics, and
biomechanics. For example, data loss during peak muscle contractions can lead to under-
estimated force or mistimed activity, skewing clinical conclusions. Addressing these gaps
through effective data imputation is therefore vital to preserve the integrity and utility of
biomedical signal analysis.

This study aims to provide a comprehensive overview of multiple imputation (MI)
methods applied to EMG data, with implementation support in MATLAB. The estab-
lished techniques covered include linear and cubic spline interpolation, k-nearest neighbor
(KNN), random forest (RF), and common approaches such as mean, median, and moving
average imputation. Additionally, we adapt the normal ratio (NR) and weighted normal
ratio (WNR) methodsoriginally developed for climate time seriesto EMG data because
they share similar features. Both show non-stationarity, non-linearity, multiscale genera-
tion, structured and unstructured noise, and irregular gaps. NR and WNR aim to separate
the signal from the noise, preserve the temporal-spectral structure, and robustly fill gaps
while maintaining realistic dynamics [2]. In climate science, similar approaches include
KNN imputation that uses spatiotemporal correlations [68], expectation-maximization
(EM) methods such as regularized EM to reconstruct multivariate fields [69], and Bayesian
hierarchical models (e.g. BARCAST) that use Gibbs sampling (GS) to quantify uncer-
tainty [70]. Using these similarities, we apply NR and WNR to the imputation of EMG,
adapting climate strategies to the biomedical signal domain. Furthermore, parametric MI
techniques, including EM and GS , widely used in medical data analyzes, are evaluated
for their applicability to EMG signals. The primary focus is on adapting the last four
methods for EMG data and performing a comparative assessment of all approaches in
accuracy and computational efficiency, utilizing four benchmark EMG datasets.

In this study, we simulated two distinct scenarios to address the computational chal-
lenges posed by missing EMG data. The first involves raw, unaltered EMG signals, while
the second applies down-sampling at a predetermined rate to reduce processing time dur-
ing preprocessing. Within each scenario, two data loss patterns were introduced: scattered
and randomly distributed missing segments simulating lost records, and intermittent miss-
ingness reflecting gaps tied to specific time intervals that did not capture certain variables.
Both missing patterns were set at approximately 15%, allowing the evaluation of imputa-
tion methods under realistic data absence conditions.

In certain applications of EMG, these data are captured as cyclic or periodic data. Cir-
cular EMG data exhibit complex periodic characteristics in a single form, where values
repeat within a defined interval, such as 0 to 360 degreescommon in angular or directional
measurements. In datasets exhibiting cyclic patterns, such as EMG signals where peak
timing and phase are critical, unaddressed missing values can obscure periodic features
essential for accurate interpretation. Missing data may mask the precise phase of peak
muscle activity, leading to errors in assessing timing or frequencyan issue of particular
importance in biomedical diagnostics and treatment planning. Although existing imputa-
tion methods account for nonlinearity and correlation, they typically overlook the inherent
periodicity of EMG data. This cyclic nature, which can be effectively modeled with cir-
cular statistical techniques, is vital to preserving continuity and accurately representing
wraparound effects. Conventional imputation methods may therefore be inadequate for
cyclic datasets, as they risk distorting periodic structures and compromising the valid-
ity of downstream analyzes. To address the cyclic nature of EMG data, we first detect
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periodicity within two datasets using Fourier transformation, spline modeling, and au-
toregressive modeling. Upon confirmation of periodic characteristics, the Fast Fourier
Transform (FFT) is applied to identify dominant frequencies, which inform our novel data
restructuring techniques that transform time-series EMG data into cyclic formats. We
introduce two innovative approaches sinusoidal and Pattern-based restructuringdesigned
to enhance imputation accuracy by leveraging correlations among data samples. To eval-
uate their effectiveness, KNN and EM imputation methods are applied, with performance
assessed under two missingness scenarios: scattered and intermittent data loss.

The following sections of the paper are arranged methodically as follows: Section 2
reviews the literature on missing data in EMG research, and Section 3 analyzes the im-
portance of Electromyograms and introduces the types of EMG data in the study. Sections
4 and 5 present methodologies for dealing with missing data and explain the metrics used
to evaluate their effectiveness through benchmark datasets, respectively. Section 6 explains
the results of the data imputation procedures, including the precision of the imputed val-
ues and the computational time. In conclusion, Section 7 provides a summary and analysis
of the findings obtained from the study.

2. Previous Studies

The challenge of missing data has long been recognized in statistical analysis, with
early practices often involving the exclusion of incomplete records, which later proved to
introduce bias and reduce accuracy. The formal study of imputation dates back to the
19th century, notably with Karl Pearsons [3] introduction of the least squares method
to estimate missing values. The 20th century saw renewed interest driven by advances
in computing, enabling automated imputation techniques such as mean imputation, hot
deck, and multiple imputation methods. Hans Berger, a pioneer in medical signal pro-
cessing, applied linear interpolation to address missing values in electroencephalography
(EEG) data during the 1920s [4]. Additionally, Fisher contributed his foundational work
on estimating incomplete data via maximum likelihood, as detailed in his 1936 study on
taxonomic measurements [5]. These historical milestones laid the foundation for contem-
porary approaches to handling missing data in biomedical research.

In the 1960s, several statistical methods for imputing missing data were developed
under the assumption that missingness follows the missing at random (MAR) mechanism,
as formalized by [6]. Cox [6] introduced the EM algorithm, a seminal approach to imput
missing values in time series data, which continues to be widely employed in modern data
imputation tasks. The 1970s marked a significant increase in the application of missing
value imputation within EMG research, driven by advances in imputation techniques
and the expansion of large datasets [7]. Chaffins 1974 study [7] highlighted the use of
imputation to improve the precision of EMG data for the diagnosis of neuromuscular
disorders. During this time, Tukey developed the multiple imputation method [8], which
is still widely used today. Building on these foundations, Dempster et al. [9] introduced
data augmentation techniques based on Bayesian probability models to address incomplete
data. More recently, multiple imputation (MI) approaches have gained prominence as
effective alternatives to likelihood-based methods, supported by numerous studies that
demonstrate their improved performance and versatility in biomedical data analysis [10—
13].

In addition to traditional approaches, recent studies from 2021 to 2024 have advanced
imputation techniques for EMG and related biomedical time series data leveraging ma-
chine learning and deep learning approaches. In particular, Bayes-CATSI, a Bayesian
context-sensitive time series imputation method that incorporates variational inference,
has demonstrated a 9.57% performance improvement over traditional models for EMG,
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EEG, and ECG signals, while providing uncertainty quantification [14]. Generative ad-
versarial networks (GANs) have also shown promise in imputing multivariate time series
with extensive missingness, particularly in sensor and fault diagnosis applications [15,16].
A 2023 survey highlights the effectiveness of deep learning architecturessuch as recurrent
neural networks (RNNs), convolutional neural networks (CNNs) and attention mechanism-
sin managing missing values in multivariate time series [17]. Furthermore, neural networks
such as long-short-term memory (LSTM) and multi-layer perceptron (MLP) models have
been extensively applied, optimizing training parameters to improve imputation accuracy
[18].

A variety of methodologies-including regression, machine learning, deep learning, and
nonparametric sampling-are widely applied and discussed in biomedical signal analysis.
Although deep learning often achieves superior accuracy, its applicability is limited by the
need for large datasets, which may not be available for smaller EMG datasets. Moreover,
deep learning models are computationally intensive and less accessible to users, making
them less practical in scenarios requiring rapid imputation. For the comparative study,
there are currently no standardized deep learning packages available, and depending on the
deep learning architecture, the results could vary enormously. Since the choice of hidden
layers in deep learning depends on many factors, it becomes difficult to fairly compare
the results of other methods with deep learning outcomes. Therefore, in this study, we
do not perform a comparative analysis that includes deep learning methods. In contrast,
methods such as the EM algorithm offer a balance of efficiency and accuracy, providing
reliable results with minimal iterations and greater ease of use.

The handling of missing values in cyclic datasets presents unique challenges due to their
inherent periodic structure, where data values are wrapped around a central reference
within intervals such as 0-360 degrees or 0-21. Imputation methods for circular data must
preserve this continuity to avoid distortions in analysis. The von Mises distribution-often
regarded as the circular analog of the normal distribution-provides an effective probabilis-
tic framework for modeling and imputing circular data [19-21]. Bayesian approaches that
leverage von Mises or wrapped normal distributions estimate parameters from observed
data and predict missing values while maintaining cyclic consistency [22-24]. Addition-
ally, machine learning techniques such as KNN and neural networks have been adapted
to incorporate circular features by encoding angular information within their inputs or
outputs, further enhancing imputation performance for circular datasets [25,26]. Indeed,
in general, detecting periodicity in time-series data is a fundamental task in numerous
fields. The Fourier transform, especially the FFT, decomposes time series into frequency
components, revealing dominant periodic patterns [27,28]. Wavelet Transforms, including
the continuous wavelet transform (CWT) and the discrete wavelet transform (DWT), are
well-suited to identify periodicities at multiple scales in non-stationary signals [29]. Ad-
ditionally, autoregressive models (AR, ARIMA) model a time series as a function of its
past values and noise, which aids in periodicity detection [30]. Autocorrelation and partial
autocorrelation functions further help by measuring similarities between time series and
its lagged versions, where peaks indicate underlying periodic intervals [31,32].

In this study, based on the listed approaches to handle the missingness problem in
EMG data, we propose alternative missing imputation methods that can apply to both
cyclic and acyclic, i.e., non-periodic datasets. Hence, our approaches involve first applying
filters to determine the data type, whether it is acyclic or cyclic EMG. If data is acyclic,
we suggest an adaptive version of the EM, NR, WNR, and GS methods. Meanwhile, in
the case of cyclic EMG, we employ innovative techniques to transform standard EMG
data into cyclic EMG data, enabling more effective analysis and imputation.
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3. Materials
3.1. EMG signals and their significance

The human musculature comprises numerous small fibers capable of contracting in re-
sponse to electrical stimulation, producing measurable action potentials (APs). These
APs originate at the neuromuscular junctiontypically in the central regionand propagate
bidirectionally along muscle fibers to the tendons. The nervous system transmits electrical
impulses from the central nervous system to peripheral muscles, initiating fiber contrac-
tion. During voluntary contractions, a single motoneuron sends innervation pulse trains
(IPTs) that synchronize fiber activation, forming functional motor units (MUs) [33, 34].
Reconstructed motor unit action potentials (MUAPs) and interference pattern tests (IPTs)
serve as critical metrics to assess the impact of diseases or injuries on muscles and nerves,
as well as to monitor rehabilitation efficacy. These tools are widely used in both clinical
and research settings to investigate neuromuscular disorders, work-related injuries, and
muscle fatigue.

3.2. EMG data description

This research aims to examine and analyze four distinct sets of authentic EMG data
sourced from separate databases. The primary objective of the study is to evaluate the
precision and computational effectiveness of different imputation techniques.

The first and second data sets analyzed relate to the recognition of finger movements
by high-density electromyography of intrinsic and extrinsic hand muscles. This study
entails the compilation of a high-density surface electromyography (HD-sEMG) signal
repository, which encompasses the concurrent capture of SEMG signals from both intrinsic
and extrinsic hand muscles. This database is specifically utilized for the deciphering of the
intricate movements executed by the four fingers. The participant included in the data set
was a 25 year-old male individual who did not exhibit physical disabilities and performed
a finger movement while maintaining a specific arm posture.

The 64-channel HD-sEMG grid was utilized to measure signals from intrinsic hand mus-
cles. It was positioned on the dorsal-hand side, enabling the observation of the discharge
patterns of the motor-unit action-potential trains (MUAPt) from the initial dataset. In
particular, the sampling frequency of this signal was recorded at 2048 Hz. Alternatively,
extrinsic hand muscle signals were quantified using a wearable 8-channel armband sEMG
sensor positioned around the forearm. This sensor is widely applied in various business
applications and is included in the second dataset, with a sampling frequency of 200 [35].
This data set involved the collection of a multi-source sEMG data set to explore the
connection between unconstrained finger movements and the sEMG signals of the hand
muscles.

The third dataset pertains to the study titled Cerebral Vasoregulation in Elderly In-
dividuals with Stroke. The present database comprises data gathered from an extensive
research endeavor focused on examining the implications of ischemic stroke on cerebral
vasoregulation. This investigation employed transcranial Doppler (TCD) ultrasound and
arterial spin labeling MRI at 3 Tesla to ascertain the consequences of stroke on the perfor-
mance of daily living activities among older adults, both with and without minor stroke.
The cross-sectional study gathered EMG data from a patient over multiple days while
performing a walking test. The ME6000 device was utilized for 24-hour continuous EMG
monitoring, with data being sampled at a frequency of 1000 Hz. The dataset comprises 5
channels, each with a signaling length of 25500 [36,37].

The dataset called SEMG signals from prolonged ground walking of young able-bodied
participants is the fourth dataset being examined. This project presents a database of
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extended surface EMG signals captured between 2011 and 2018 while a 24-year-old, phys-
ically fit woman walked on the ground. The signals have a duration of approximately 5
minutes in the Motion Analysis Laboratory. Ten leg muscles are monitored by obtaining
sEMG signals, with five muscles being monitored on each leg. The multichannel recording
system captures all signals at a sampling frequency of 2 kHz and with a 12-bit resolution.
The individual has been equipped with foot switches and SEMG probes on both of their
lower extremities. Three footswitches have been secured below the heel and the front part
of the foot on both sides [38,39].

In the second scenario, the decision is made to down-sample the EMG data at a des-
ignated rate to mitigate time-related constraints, which is a crucial consideration during
the preprocessing stage of data analysis. When a signal is subjected to down-sampling,
it usually results in a time series that is shorter in duration and has a reduced sampling
frequency. The process of down-sampling in MATLAB, executed by the "resample" func-
tion, involves the application of an anti-aliasing filter before discarding data. Frequently,
there is no need to employ a low-pass filter [40].

The first dataset utilized in the analysis of cyclic EMG data is titled "SEMG Signals
Collected During Ground Walking of Subjects," referred to as the "Walking" dataset in
this study. The data collection lasted approximately five minutes, capturing signals from
the ground walking of a 30-year-old, able-bodied subject in the Movement Analysis Lab in
2022. The sEMG signals were recorded from ten distinct leg muscles (five per leg), with
each muscle generating three data columns (channels) and a sampling frequency of 2 kHz
[38].

The second dataset employed is the "Database for Myoelectric Movement," designated
as the "Hand Movement" dataset in this research. This database was obtained in 2014
by recording both sEMG signals from the forearm and kinematic data from the hand and
wrist while the subject performed a set of predefined actions and postures. It consists of
four data columns (channels) and a sampling frequency of 2 kHz [41].

4. Missing data imputation methods

This section presents an overview of four key imputation methodologies for handling
missing data: NR, NRW, EM, and Gibss Sampling (GS), a widely used Markov Chain
Monte Carlo (MCMC) approach. Following this, we provide a brief summary of the
techniques applied in this study, organized into univariate and multivariate time series
imputation methods.

4.1. Univariate time series imputation

Univariate time series imputation offers an effective approach for addressing missing
values within datasets containing a single variable, preserving inherent temporal patterns
and relationships. Common techniques include mean, median, and moving average impu-
tations, as well as linear and spline interpolations, along with the NR and NRW methods.
This study emphasizes the NR and NRW methods, as the other approaches are well-
established and extensively documented in the literature [42-44].

4.1.1. Normal ratio method. The NR method is a widely used statistical technique
for estimating missing data by leveraging relationships between connected sites or time
periods. In applying NR to EMG, missing segments are estimated by comparing them
with corresponding segments from analogous muscles under similar conditions or from
the same muscle at comparable exertion levels, when such reference data are available
[45]. Tt assumes a stable correlation over time and that the ratios of averages reflect the
true proportions of the underlying data. Originally developed for climate studies, such as
the analysis of precipitation in Sri Lanka [46] and Indonesia [47], this method has been
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adapted here for EMG data, considering that both types of data have a similar correlation
of structure, high dimensions, and time effect.

Let us say that we have a set of totals marked Ty, To, ..., TN received from nearby sensors,
Tm representing the total number of variables in the designated sensor, Oy, denoting
an absent value, and Oy, 02, Q3, ..., 0y showing a group of measurable variables. So, a
calculation can be used to determine the NR estimate for a missing value based on N
observations as follows:

am:% :'T oy + -_I;_r: Oy + - + ::_-:; an - (4.1)
4.1.2. Normal ratio weighted with correlations method. This method extends the
Normal Ratio approach by incorporating correlation-based weighting to improve the accu-
racy of imputations. Originally developed for climate data analysis [46,47], this technique
has been adapted here for EMG datasets. NRWC acknowledges that not all comparable
data segments contribute equally to the estimation of missing values; instead, it assigns
weights to these segments based on their similarity, typically quantified through correla-
tion coefficients [48]. In EMG analysis, similarity refers to how muscles activate in similar
conditions, which is reflected in the EMG signal patterns. By prioritizing segments that
are more similar to the missing data by weighting their correlation rj(i = 1,...,N)]. The
method can produce a more accurate estimation of the missing data. The NRWC approach
exhibits similarity to the aforementioned NR method in such a way that it can involve the
calculation of missing values for N observations through the use of the following expression

am =

1
Wi [W1a1 + W50y + -+ + Wy GN] . (4.2)
1

Here, in order to determine the weight wi(i = 1,...,N), it is necessary to establish the
relationship between the target and the adjacent sensor i — th and stipulate the number

of perceptions utilized in the calculation of the correlation weight.

2
ry(ni —2)
wj = ———-5-, 4.3
1 1 _ ri2 ( )
where rj and nj denote the Pearson correlation coefficient and associated sample size,
respectively, for the it" sensor. For figures;

4.2. Multivariate time series imputation

This approach aims to impute missing data while preserving inherent correlations and
interactions between variables. In multivariate time series analysis, several imputation
techniques have been developed, including KNN, RF, EM, and GS. This section focuses
on the EM and Gibbs sampler methods, since the other approaches are extensively covered
in the existing literature [49,50]. Originally devised for program codes, the EM algorithm
has become a widely used parametric method for handling missing data in multivariate
time series.

4.2.1. The EM algorithm. The primary objective of incorporating the Expectation-
Maximization (EM) algorithm extends beyond merely filling in missing data to complete
the dataset; it leverages the missing data as a valuable source of information for parameter
estimation. This is achieved by incorporating conditional expectations related to missing
values, in accordance with the principles outlined by [51], which highlight the significant
role of missing data in parameter inference. In the context of EMG data, the EM algo-
rithm assumes a multivariate normal distribution for observed magnitudes, justified by the
typically large sample sizes and the common assumption of normality in such biomedical
signals [52]. The algorithm iteratively performs two key steps: prediction and estimation.



The imputation of missingness in cyclic and non-cyclic Electromyography signaling data 2043

During the prediction step, an estimated parameter value, denoted as (E, is used to infer the
influence of the missing data on the overall statistical information. Subsequently, in the
estimation step, this anticipated statistical information is utilized to refine the parameter
estimates, progressively improving the imputation accuracy with each iteration.

In the domain of empirical investigation, the variables Xi, Xa, ... are under consider-
ation. The group of random samples, denoted as X are drawn from a population that
adheres to a p-variate normal distribution. Thus, it can be inferred that the predictive
and estimation algorithm relies on the appropriate statistical data derived from the entire
dataset as below;

T,= Xj=nX,

and,

To = XjXj=(M—1)S+nXX.
i=1

As an illustration, the algorithm operates in the manner that it assumes the population
mean and variance, denoted by W and 0, respectively, are unknown and thus, require esti-
mation by sample mean X and sample variance S, respectively, for n sample observations.

Prediction step: This step encompasses the process of extrapolating future outcomes
by leveraging existing information and accounting for uncertainty within the forecast. In
the context of vector notation, wherein each vector Xj may contain missing values, it is
advisable to represent the absent components X}l)
nents as XJ@) for differentiation purposes. The vector X; is defined as the concatenation of

i
its components X}l) ,and XJ@) .
Given the estimated parameters fl and G derived from the estimation process, the mean

of the conditional normal distribution of xX(".E(.].) = )A('ng)

while designating the present compo-

can be employed to approximate

the unknown contributions of X, under the assumption that x(?) is already known as seen
from the expression below:

)»(J(l) — E(Xj(l) | XJ@); f,3) = H(l) + 61262_21 XJ@) — H(Q) ,

where ﬁ(l) denotes the estimated mean of absent components, G99 shows the estimated
variance of the present components, and finally @15 indicates the estimated correlation of
the absent and present components. Moreover, & ! it shows the inverse of the given entry.

Thus, the analysis seeks to determine the impact of X}l) on Tq1. Moreover, the expected
impact of variable X}l) on factor Ty is informed as:

xIxMy = XY | X 1,8) = 811 — 61285, 80 + KUK

and,

(D (2) y = Dy (2) [ 2.5 &y = g1y (2)
O 7% ) = ECQK X7 | X7 |, 0) = X5 %7

in which @12 = @91 . In conclusion, the aggregate sum of contributions is derived from
the collective set of variables Xj contain missing elements. The resulting findings are
amalgamated with the accumulated sample data to derive the variables 'Fl and 'Fg.

Estimation step: The following procedure involves the computation of revised maximum
likelihood estimates by the following step;
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and,

where T; and Tg are calculated using the above equations, in order.

Assessing the convergence of iterations necessitates the examination of the variances in
parameter estimations acquired at each iteration. When the discrepancy between consec-
utive calculations decreases to a level below the specified threshold, the iterative process
terminates. As a result, the present parameter estimations are subject to the influence of
estimations derived from the preceding iteration [53].

4.2.2. The Gibbs sampling algorithm. The Monte Carlo method is a computational
algorithm that leverages stochastic sampling in order to approximate numerical solutions,
while the Gibbs sampler is an instance of the MCMC technique employed for sampling in-
tricate probability distributions. is particularly useful in cases where traditional sampling
methods are impractical. Bayesian statistics offers significant advantages for inferring the
posterior distribution of parameters in models in cases where the direct computation of
the posterior is unattainable [54], and the Gibbs sampler can be a valuable technique
for imputing missing data in instances such as EMG data, where specific observations are
lacking. This methodology entails iteratively imputing missing data under the assumption
of a unimodal normal distribution (in our case) of the data. The absent data are viewed as
variables that require calculation and are thus included along with the model parameters.
The Gibbs sampler MCMC method, as noted by Gelman et al. [55], consistently delivers
marginal distributions of the parameters.

In this approach, the entire dataset, consisting of both missing and observed values,
can be denoted as Y¢om = Ymiss + Yobs, and it is assumed to follow a univariate normal
distribution for the EMG data, where Ycom = N (i, 0%). The variance 62 is assumed to
be constant, while the mean value M is treated as an unknown parameter in the context
of a normal prior distribution with fixed hyperparameters, denoted as = N(m,w?). To
start, we set YmiSS to certain arbitrary values or estimate the initially missing data based
on the existing literature for EMG data, which assigns @ = 0 and 02 = 1 values [52].
Then, using Bayes’ rule, we can sample from the conditional distribution of each missing
value Ymiss taking into account the complete data Ycom and the current values of all other
missing data and parameters as follows:

(U] Yeom)  F() F(Yeom | W). (4.4)

This involves calculating the conditional mean of each Ymiss given Yeom. As the distri-
bution in the upper equation is univariate normal, each term on the right-hand side of
the formula also corresponds to the normal probability density function. Consequently,
equation F(U|Ycom) also follows the normal probability density function, wherein Y¢om is
posited to conform to a univariate normal distribution for the EMG data, which is dis-
tributed as Yeom = N(H,02). Herein, the variance 02 remains constant, while the mean
value M is considered an unknown parameter, modeled under a normal prior distribution
with fixed hyperparameters, represented as p = N(m,w?). We start with a prior distri-
bution F(W) and a likelihood function f(Yc¢om|l) by using Bayes theorem to derive the
posterior distribution as follows;

T(Ycom f
f(U| Yeom = (v f(YIC::) (H)
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The f(Yeom) term as a result of the normality constant, would be ignored, and the above
equation will be updated in the manner outlined;

(U] Yeom) T(Yeom | 1) F(W).

Assuming that F(U|Ycom) follows the normal pdf formula, we can write;

_(y—w)? _(u—m)?

F(U | Yeom) %1%6 202 X :‘1%9 302
21no 2nw

As there is no U inside the (%), and the (%) terms, and the 0 has the constant
value, we can state them as constant terms and ignore them. By further expanding the
equations, we can get the derivation of the posterior distribution on the GS method which
follows the normal pdf in the subsequent manner;

1 1
F | Yeom) exp —o 5y =20y + %) = o5 (1 — 2um +m?)

U Yoom) XD —5ns yPWE— 2p0Py + 2w y?0® — 2ma*p + m*g?

202w?2

202w?

The (M?w?), and (M?0?) terms are like constants which could be disregarded, so

1
FU Yeom) exp —5 55 W07+ W) —2u(w?y +ma?)

o2+w? ,  2u(w?y +mao?)
202w2 02+ w2

F(U|Yeom) exp —

wy? +ma?  o?w?
o2+w? 'o2+w?

f(L]|Yeom) N

Last equation above represented the normal distribution pdf with the hyperparameters
of U and 0 , respectively, which illustrates the application of the GS technique within the
framework of the univariate normal distribution.

Once | is estimated, we sample Ypmiss from N (U, 62), and reiteration of the sampling
process until convergence is what characterizes the GS method. In general, through itera-
tive sampling from conditional distributions, the Gibbs sampler facilitates the imputation
of missing values and the estimation of parameters within a Bayesian framework, assuming
a univariate normal distribution.

4.3. Methods of detecting the periodicity

The goal of detecting periodicity is to identify EMG datasets that show cyclic or har-
monic patterns in their characteristics. In this study, periodicity is evaluated within time-
series EMG datasets using three methods: Fourier transformation, the Spline model, and
the Autoregressive model. These analyzes were performed in MATLAB utilizing built-in
functions, with each method detailed in the following subsections. Furthermore, both the
"Walking" and "Hand Movement" EMG datasets conform to all three models, suggesting
the presence of periodicity in the data.
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4.3.1. Fourier transformation. This method detects the periodicity in a signal by
transforming it from the time domain to the frequency domain, where the periodic com-
ponents become easier to identify. Mathematically, for a continuous-time function f(t),
the Fourier transform F () is given by

(o)

F(w) = f(te '“tdt, (4.5)

where w represents the angular frequency, and F(w) gives the amplitude of the frequency
W present in the signal, t represents time, it is the independent variable of the function f(t),
which could describe a signal, wave or any function in the time-domain, and i represents
the imaginary unit, where i> = —1. Tt is used in the complex exponential term e~'“t [56].

4.3.2. Spline model. Detecting periodicity using spline models involves fitting a smooth
curve to a set of data points and then analyzing the behavior of the fitted curve to identify
repeating patterns. Unlike Fourier transforms, which analyze periodicity in the frequency
domain, spline models work in the time (or spatial) domain by constructing smooth curves
that approximate the data. The first derivative of the spline curve can be used to find
local maxima and minima, which correspond to the peaks and troughs of the data, and
the consistent intervals between these points indicate periodicity. If the intervals between
peaks are consistent, then it is an indicator of a periodic trend in the data. [57].

4.3.3. Autoregressive model. The AR model involves modeling a time series in which
the current value depends linearly on its previous values. This method can capture periodic
patterns in the data. The AR model of order p uses the last p observations to predict the
current observation, and in our study, we consider the order of p up to 10 (p = 10) [58].
Mathematically, an AR model (p = 10) can be expressed as

Xt = @1 X—1 + @2Xt—2 + -+ + P10Xt—10 + 1, (4.6)
where Xy is the current value of the time series, @1, @o, ..., 910 are the autoregressive
coefficients, and ¢ is white noise (i.e., a random error term).

4.4. Approaches for transforming EMG data into cyclic EMG data

In this section, we present two innovative methodologies for modifying the data structure
of EMG data, which exhibit recurring patterns, into cyclic EMG Data. These transfor-
mations are designed to enhance the accuracy of imputation techniques, specifically EM
and KNN. By utilizing the correlation between data columns to address missing values,
these methodologies enable the application of novel Sinusoidal-based and Pattern-based
approaches, which are central to this process. These two methodologies are described in
the following subsections:

4.4.1. Sinusoidal-based approach. After identifying the periodicity and confirming
the presence of recurring patterns within the EMG dataset, which indicates a time-based
repetition in the data, we introduce an auxiliary "angle dataset" to accompany the single-
column data. This auxiliary data set improves imputation methods such as EM and
KNN, which typically require neighboring data points within the same series but cannot
be applied directly to single-column data. To construct this angle dataset, also known as a
secondary dataset, we begin by determining AT which is a period of time of the recurring
pattern in time series data. AT could be found either by the frequency (dominant) using
the FFT method or by leveraging prior knowledge about the period of the primary data set,
which could be based on established behaviors (e.g., regular walking cycles and daytime
intervals). This frequency information allows us to generate an angle dataset that mirrors
the main dataset’s periodicity. Figure 1.a sketches the procedure involved in creating the
angle data set corresponding to the time series. The values in this data set match the
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main data series in frequency and period and embody the properties of the cyclic data. By
introducing this secondary column, the angle dataset creates "neighbors", thereby enabling
the application of EM and KNN imputation techniques to address missing values within
the main dataset. Overall, the sinusoidal-based approach seeks to create auxiliary time-
series data with frequency matching to the dominant frequency of the signal, thereby
concatenating two datasets to form a new data set representing them as cyclic data.

4.4.2. Pattern-based approach. In this method, the time series data is reshaped to
form a new data set once the periodicity is identified and the presence of recurring patterns
within the EMG data set is confirmed, indicating a time-based repetition in the data. This
reshaping process relies on determining the (dominant) frequency fy by applying the FFT
to the time-series data. The period of a recurring pattern, denoted as AT, can then be
calculated using the following formula

AT = i (4.7)
fq

After determining the time series period, we can divide the single-series data set into
multiple segments, each with a length defined by this period. By segmenting the data in
this way, we obtain recurring subsets throughout the time series, treating each segment as
an individual dataset. This approach effectively transforms a single dataset into multiple
datasets of identical length, allowing us to apply the EM and KNN methods to impute
missing values within each segment. Figure 1.b illustrates the procedure for reshaping
a single data set into multiple segments of equal-length, thus forming a new data set.
Mathematically, if we consider the total length of the time series data n, we can reshape
the time series into p equal-length segments. To determine the value p, we need to calculate
the number of data points, N, within each period. This can be obtained using the following

formula:

fs
N=_2>, 4.8
5 (48)
where fs represents the sampling frequency of the data in the time-series. Consequently,
the number of segments of equal-length p can be determined as follows:
n
p= N (4.9)
The pattern-based approach seeks to determine the period of the single time series data
and then uses each segment of equal length as a separate column. By treating these seg-
ments as multiple cyclic datasets, this approach enhances the correlation between columns,

ultimately improving the accuracy of EM and KNN methods to input missing values.
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Figure 1. The procedure of approaches for transforming EMG data into cyclic
EMG data: sinusoidal-based approach(left), pattern-based approach (right).

5. Performance criteria

This study evaluates the performance of imputation methods on both non-cyclic and
cyclic EMG data, requiring time-series organization in matrix form for effective processing.
Preprocessing and simulations were implemented in MATLAB to replicate two non-cyclic
scenarios: the original (unaltered) recordings and a down-sampled version to reduce com-
putational cost during analysis; cyclic datasets were analyzed using the original signals
only. For each scenario, we introduced two controlled missingness patternsscattered ran-
dom gaps (15% missing) and intermittent/sporadic interruptionsto emulate common real-
world loss modes in EMG acquisition. These deliberate perturbations allow for comparison
of imputation accuracy and efficiency across data types and preprocessing strategies. To
comprehensively evaluate the imputation methods, a subject per EMG data type was se-
lected, with data organized into matrices of varying dimensions. For non-cyclic EMG,
five accuracy metricsincluding RMSE, MSE, and MAEwere used to quantify discrepan-
cies between actual and imputed values, supplemented by graphical comparisons. In the
case of cyclic EMG data, the evaluation focused on RMSE along with visual assessments.
Additionally, computational efficiency was assessed by comparing CPU time and elapsed
(real) time for both cyclic and non-cyclic datasets.

The evaluation of imputation strategies effectiveness necessitates the consideration of
visual similarity, as relying solely on error rates fails to offer a comprehensive comprehen-
sion of the degree of similarity exhibited by the imputed data. The root mean square error
(RMSE), the mean square error (MSE), and the mean absolute error (MAE) measure the
difference between the predicted and actual values to assess the precision of the model.
Their mathematical definitions are given as follows:

1 -
MSE = — (i —9)°
RMSE =

MAE = — |yi — Vil
n i=1
Here, n denotes the number of data points, yj the true value, and Vi the imputed
(predicted) value. The MSE squares errors, making it more sensitive to outliers [71]. The
RMSE, as the square root of the MSE, is expressed in the same units as the data, making
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it more interpretable [72]. The MAE calculates the average absolute error, treating all
errors equally and offering robustness against outliers [73].

CPU time measures the actual time the processor spends executing a task, reflecting the
programs processing demand. Elapsed time, or wall-clock time, is the total duration from
start to finish, including delays caused by system workload and multitasking. The elapsed
time can be longer than the CPU time when multiple processes compete for resources.

6. Results

6.1. Comparison of newly developed imputation techniques for address-
ing missing data in EMG signals

This section presents a comparative analysis of four imputation methods: NR, NRW,
EM, and GS. These methods were originally implemented in the MATLAB programming
language and are considered alternative approaches for addressing missing data in EMG
datasets. The present study aims to compare the imputation plots, RMSE bar plots, and
the computational timetables of these four different techniques.

Visualization comparisons provide valuable information by displaying the imputation
results and the original data set through plotted diagrams. The visual illustrations in
Figure 2 illustrate the process of filling in missing values using four different methods of
NR, NRW, EM, and GS. To simplify and condense the information, we have selected 4
figures from the two scenarios of the representation of raw data and the down-sampled
data, each having both random and partial missing patterns, with the horizontal axis
representing time, while the vertical axis shows the strength of the signal at each point in
the figures. The four illustrations in Figure 2 clearly show that each method of filling in
missing sections has its distinct features, which are emphasized during the process. We
enhance the accuracy and effectiveness of the visuals by limiting the way the data points
are presented in this analysis. It is clear that in most cases the EM method (purple line)
could impute the missing parts more accurately, which is similar to the original data (black
line). However, for a more accurate evaluation of the method comparisons, it would be
more appropriate to measure their effectiveness using RMSE as a precision metric.
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Figure 2. Four imputation techniques-NR, NRW, EM, and GS-were used to im-
pute: random missing values in sSEMG-walking (top left), partial missing values in
HD-armband (top right), random missing values in down-sampled HD-dorsal-hand
(bottom left), and partial missing values in down-sampled HD-armband (bottom
right), compared with the original.

This section presents separate figures, Figures 3 to 6, showing the RMSE values for
each of the four data types. The figures compare the imputation methods of NR, NRW,
EM, and GS for each type of data. Additionally, the graph compares the RMSE values
for two scenarios: raw data and down-sampled data, both with random and partial miss-
ingness patterns. The x-axis shows the different scenarios, while the y-axis illustrates the
corresponding error values.






